Background: Current evidence suggests that childhood leukaemia can be associated with residential traffic exposure; nevertheless, more results are needed to support this conclusion. Objectives: To ascertain the possible effects of residential proximity to road traffic on childhood leukaemia, taking into account traffic density, road proximity and the type of leukaemia (acute lymphoid leukaemia or acute myeloid leukaemia). Methods: We conducted a population-based case-control study of childhood leukaemia in Spain, covering the period 1990-2011. It included 1061 incidence cases gathered from the Spanish National Childhood Cancer Registry and those Autonomous Regions with 100% coverage, and 6447 controls, individually matched by year of birth, sex and autonomous region of residence. Distances were computed from the respective participant's residential locations to the different types of roads and four different buffers. Using logistic regression, odds ratios (ORs) and 95% confidence intervals (95%CIs), were calculated for four different categories of distance to roads. Results: Cases of childhood leukaemia had more than three-fold increased odds of living at < 50 m of the busiest motorways compared to controls (OR = 2.90; 95%CI = 1.30-6.49). The estimates for acute lymphoid leukaemia (ALL) were slightly higher (OR = 2.95; 95%CI = 1.22-7.14), while estimates for cases with the same address at birth and at diagnosis were lower (OR = 2.40; 95%CI = 0.70-8.30). Conclusions: Our study agrees with the literature and furnishes some evidence that living near a busy motorway could be a risk factor for childhood leukaemia.
cancer outcomes, including a number of systematic reviews and metaanalyses (Boothe et al., 2014; Carlos-Wallace et al., 2016; Filippini et al., 2015; Raaschou-Nielsen and Reynolds, 2006) . The main conclusion of these reviews is that the literature supports a link between ambient exposure to traffic pollution and childhood leukaemia risk. After the publication of the more recent review (2015) three more studies from Switzerland, Italy and France have been published supporting this hypothesis (Houot et al., 2015; Magnani et al., 2016; Spycher et al., 2015) .
Among childhood cancers, leukaemia is the main group with around a third of all diagnosed cases worldwide (Peris-Bonet et al., 2010; Steliarova-Foucher et al., 2017) . In Spain, the overall age-adjusted incidence rate (ASRw) of leukaemia was 47.9 cases per million childyears in children and 23.8 in adolescents (Marcos-Gragera et al., 2017) . Within leukaemia subtypes, acute lymphoid leukaemia (ALL) is the most common type of leukaemia in young children and accounts for three-quarters of the cases. The second most frequent is acute myeloid leukaemia (AML) with > 15% of the cases and the remaining cases are distributed between minor causes (Marcos-Gragera et al., 2017) . Most of the risk factors remain unknown (Inaba et al., 2013) and only a few risk factors are suspected, such as exposure to ionizing radiation (Richardson et al., 2005) or inheriting cancer-predisposing genes (Stieglitz and Loh, 2013) , the hypothesis of delayed infections has also been proposed (Greaves, 2006) . With respect to environmental risk factors, as we just mentioned, different meta-analyses and individual studies suggest that traffic-related air pollution exposure could be an important factor (Boothe et al., 2014; Carlos-Wallace et al., 2016; Filippini et al., 2015; Houot et al., 2015; Magnani et al., 2016; Raaschou-Nielsen and Reynolds, 2006; Spycher et al., 2015) .
In our previous studies, we analyzed the influence of residing in urban areas, residential proximity to industries and residential proximity to crops on childhood leukaemia incidence Gómez-Barroso et al., 2016) . We think that the influence of residential traffic exposure could be one of the missing pieces that help us to explain part of the variability in the distribution of leukaemia incidence. The aim of this project was to assess the possible effects of residential proximity to road traffic on childhood leukaemia, taking into account traffic density, road proximity and the type of leukaemia: ALL or AML.
Methods

Data
This paper is part of a population-based case-control study which aims to analyse the effect of environmental risk factors on childhood cancer using the geographic locations of the cases and controls in Spain. Specific details of the design of the study can be found in the previous papers from the project Ramis et al., 2015) . For the reader's convenience, a summary of the design can be found below.
For the study we used data from children aged 0 to 14 with diagnoses of leukaemiacovering 1061 cases. Incidence cases were registered by the Spanish Registry of Childhood Tumours (RETI-SEHOP). RETI-SEHOP collects information from cases of childhood cancer from hospitals' paediatric oncology units over all Spain (Peris-Bonet et al., 2017) . The estimated national coverage of the childhood cancer cases in this register is over 90%; however, this coverage is estimated to be 100% for the regions included in the study. The period studied went from 1996 to 2011 and the area under study covered five autonomous regions: the Autonomous Region of Madrid, the Basque country, Aragon, Navarre, and Catalonia. Fig. 1 shows the exact location of these regions within Spain.
As a control group (6447 children), we used a random incidencedensity sample from the at-risk population extracted from the complete Birth Registry of the Spanish Statistical Office (Instituto Nacional de Estadística, INE). Controls were individually matched to cases by sex, year of birth and autonomous region of residence, in a ratio of 6:1. These matching conditions were quite open and allowed for the interchange of controls between different cases.
We geocoded the home addresses of the cases at the moment of diagnosis; these addresses were included in the RETI-SEHOP database. For the controls we geocoded the mother's home address as listed on the birth certificate (included in the Birth Registry of the INE). We successfully geocoded 87% of addresses for the cases. The remaining 13% were fairly uniformly distributed across the different regions and, therefore, we did not think the data were biased in this sense. We only selected controls for the georeferenced cases. From the initial sample we were able to get valid coordinates for 98% of the controls. Given that the number of failures was very small, we decided to select more controls to replace this 2%, and we geocoded and validated this last group to match 6 controls with valid coordinates to each case. As we had all the entries from the Birth Registry, we used a matching strategy to find cases with the same address at the time of birth (birth certificate) and diagnosis (included in the RETI-SEHOP register) to perform a sensitivity analysis to evaluate the potential for misclassification due to residential mobility.
Traffic density
Annual average daily traffic, abbreviated AADT, is a measure used primarily in transportation planning and transportation engineering. Traditionally, it is the total volume of vehicle traffic of a highway or road for a year divided by 365 days (expressed in vehicles per day). AADT is a simple useful measurement of how busy a road is. To be able to explore the effect of exposure to traffic density on childhood leukaemia incidence, we calculated the AADT for all roads within our studied regions. To compute the AADT we merged Navteq cartography, the official cartography of the Spanish Ministry of Public Words and Transport (Fomento, 2016) . We considered the road classification of Navteq cartography and the traffic-density measurements provided by the Ministry of Public Works' cartography. Navteq cartography was aslo used to estimate effect of exposure to road traffic exhaust fumes on childhood leukaemia in the French study ESCALE (Amigou et al., 2011) . The cartography classifies the roads into 5 Functional Classes (FC) that define a hierarchical network used to determine a logical and efficient route for travellers (Table 1) . For this paper we named the five FCs as follow; FC1 and FC2 for motorways, FC3 for arterial roads, FC4 for main streets and FC5 for streets in neighbourhoods, or those with less traffic still. This approximation was also used in the multicentre ES-CAPE project (Beelen et al., 2013) .
To assign a measurement of exposure to traffic density to every child in the study, we built four buffers around each home address and computed the traffic density within the buffers. To take account of the different scenarios, we combined the road types (FC) into three groups: FC12 included FC1 and FC2 (motorways); FC123 included FC1, FC2 and FC3 (motorways and arterial roads); and, finally, FC1234 which included FC1, FC2, FC3 and FC4 (motorways, arterial roads and main streets). We defined buffer zones' radii in reference to each participant's homeand at the following distances (D):50 m, 100 m ( Fig. 2) , 200 m and 500 m. We used FC5 to define the reference areas. Therefore, we ended up with 12 variables, 3 groups of road type (FC) and 4 distances (D), each accounting for the traffic density of a specific road type group (FC) within a buffer of a defined distance (D) centred on the home address of the child.
We could not assume that the effects of traffic density on cancer incidence are linear; thus we categorized the variables to allow for nonlinear effects. To begin with, we defined the reference group (Category = 0) as those children living in areas with only FC5 roads within buffers of 200 m from their home addresses. This definition of a reference area guaranteed a constant reference group through the different variables. Then, to create each of the 12 categorical variables of traffic density we followed the following steps:
1. We calculated the quartiles of the variable using only the controls that were outside of the reference category. Categories = 1, 2, 3 and 4. 2. We classified every children (cases and controls) that were outside of the reference category between the four categories defined in the previous step. 3. When studying 50 and 100 m distances, children not exposed to FC1234 at those distances but exposed to roads at up to 200 m were classified in Category = 5, as an intermediate group.
In summary, each variable was defined as categorical with 5 or 6 levels. Q0 = reference group, Q1 = first quartile group (lowest traffic density), Q2 = second quartile group, Q3 = third quartile group, Q4 = fourth quartile group (highest traffic density) and, for distances from 50 to 200 m, Q5 = intermediate group.
According to the literature, our previous analyses and the availability of data, we decided to include three covariates in the models which were not related strictly to traffic-related air pollution:
Crop exposure
In another previous study we found a positive association between exposure to crops and childhood leukaemia. To be able to assess this effect, we built a specific index of exposure to crops, Global Crop Index . The Global Crop Index accounts for the percentage of cultivated land in a 1-km buffer around each child's residence. We used the CORINE Land Cover (European Environment Agency, 15ADb) to obtain the land use data and we computed the index for all the participants.
Socio-economic status
Socio-economic status is an important factor related to childhood cancer (Kehm et al., 2017) . Although we did not have individual information about socio-economic status, we still decided to include it in the model. We took the data at census-tract level from the 2001 Census and we assigned the socio-economic status of the corresponding census tract of residence to each child (Ramis et al., 2017) . The used variable was denominated "socioeconomic condition" (SES) and it was based on the occupation of the head of the family. This variable ranged from 0.46 to 1.57; lower values were assigned to worse socio-economic status and higher values to better socioeconomic status.
Industrial pollution
In a previous study, we found a positive association between exposure to industrial pollution and childhood leukaemia (García-Pérez , 2015) . Industrial pollution and traffic pollution share many substances. In order to control the effects of industrial pollution, we included a specific variable in the model. Data for the exposure to industrial pollution was extracted from the industrial database (industries governed by IPPC and facilities pertaining to industrial activities not subject to IPPC but included in the E-PRTR) provided by the Spanish Ministry for Agriculture, Food & Environment in 2009, which includes information on the geographic location and industrial pollution emissions of all industrial plants in Spain. We defined a 2.5 km buffer around the industry to calculate cases' and controls' exposure.
Statistical analysis
In order to estimate the odds ratio and 95% confidence intervals (95%CIs) associated with exposure to traffic density, we fitted mixed multiple unconditional logistic regression models, including the crop exposure, socio-economic status and industrial pollution covariates and the region as a random effect. We fitted an initial unadjusted model that included only the random effect, then a second model including also crop exposure and a final model with all covariates. We used unconditional logistic regression rather than conditional logistic regression because sex and year of birth were simple matching factors and we had a large studied population (1061 cases and 6447 controls) that hindered sparse data problems (Pearce, 2016) . We did not adjust for multiple testing in order avoid an increase of the type II error that would hamper the finding of true associations (Rothman et al., 2012) . We used the Akaike information criterion (AIC) for model selection.
We used R library Lmer4 (Bates et al., 2015) for statistical analysis, and ArcGIS 10.0 to estimate the distance from each participant's home to any roads and to build the indexes.
Results
The analysis covered 1061 cases and 6447 controls. Table 2 shows the distribution of the characteristics of the studied children; among them, 58% were boys and 42% were girls. The distribution by autonomous region of residence was the following: Aragon (5.6%), Catalonia (40%), Basque Country (11%), Madrid (40%) and Navarre (4%). There were 238 cases exposed to crops (22%) and 823 controls (13%). The percentage of children with at least one industrial factory within 2.5 km was 59% for cases and 61% for controls. Regarding the histologic type, 79.7% of the cases were lymphoid leukaemia, 16.4% were acute myeloid leukaemia and remaining subtypes account for 4%. The mean age at diagnosis was 4.5 years old, with cases at all ages, from 0 to 14.
We were able to identify 473 cases with exactly the same address at birth and at diagnosis, the 45% of the cases. For the remaining 55% we did not find exactly the same address. Nonetheless, the identify cases had fairly similar characteristics to the full group of cases as it can be seen in Table 2 .
We fitted a total of 12 models by group of cases to estimate the ORs for each of the traffic density and distance variables. Tables 3, 4 and Tables S1, S2, S3 and S4 of the Supplementary material present the resulting ORs and 95%CIs. Each OR estimates the odds of exposure between the cases compared to controls for the quartile Q of road type FC at distance D and children in the reference group (children who did not have roads of type FC1234 in the buffer of 200 m around their home address). Table 3 shows the ORs for total leukaemia and exposure to motorways (FC_12). Estimations from the three models were very similar and according to the AIC the best models were those adjusted by crop exposure only. We observed that the ORs for exposure to motorways showed increased odds for cases in Q4 and Q3 at any distance and that these odds increased with decreasing distance for both Q4 and Q3 ( Fig.  S1, Supplementary material) . However, only the OR associated to D.50_Q4 was statistically significant. We did not observed differences in motorway exposure for the less busy motorways (Q1) between cases and controls. The same occurred with exposure to FC_123 and FC_1234 where we did not observed differences either (Table S1, Supplementary material).
Looking at individual results, the highest OR, and the only statistically significant, was that associated to residence at < 50 m of the busiest motorways (Q4 of FC12 at D50), with odds of exposure 2.90 times higher for cases than for controls.
The crop-index OR for the second model was 1.13 (95%CI = 1.06,1.19), meaning that an increase of 10% in crop surface around the home address of the child produces a 13% increase in the odds for cases compared to the controls. Estimated ORs from the full adjusted model for the covariates socio-economic status and industrial pollution exposure did not show differences between cases and controls.
We repeated the same analyses by leukaemia subtype and for the group of cases with the same address at birth and at diagnosis. Table 4 shows the results regarding exposure to motorways (FC_12) for the adjusted for crop models. The results for FC_123 and FC_1234 are included in the supplementary material tables S2, S3 and S4.
The ORs for ALL were very similar to those for the total leukaemia cases, this was expected since this subtype accounted for the 80% of the cases, and nevertheless these ORs were slightly higher. For AML the number of cases in most categories was too low to obtain reliable estimations. Finally, results for the sensitivity analysis group show increased OR for most of the categories and for Q4 estimates increased with decreasing distance. However only the OR for D.50_Q3 was statistically significant with a value of 3.28 (95%CI = 1.21,8.86).
Discussion
In this study we investigated the effects of exposure to traffic-related air pollution on childhood leukaemia risk in several Spanish regions, taking into account different road types and different distances. Our findings support the hypothesis of association between proximity to major roads and childhood leukaemia incidence. In particular, our results showed increased ORs for cases resident in the proximity of heavily trafficked motorways compared to controls and those ORs increased at decreasing distances, suggesting a potential dose-response relationship. Our results did not show significant differences between cases and controls for proximity to arterial roads and main streets. We also found elevated ORs for cases with the same address at birth and at diagnosis. And regarding leukaemia subtype, we found high ORs for ALL but we could not obtain reliable estimates for AML due to low numbers of cases.
In our study we used type of road to define the density of vehicles per day and to assess the risk of each of these roads, and the buffers as a proxy for the concentration of traffic-related air pollution. We used different buffer distances as exposure metrics to explore potential doseresponse effects. In other studies they used the concentration of NO 2 or benzene (Boothe et al., 2014; Carlos-Wallace et al., 2016; Filippini et al., 2015) as measure of traffic-related air pollution.
An early study from 1989 already suggested a strong association between traffic density and childhood leukemias (Savitz and Feingold, 1989) . The authors reported an OR of 2.70 for children with hightraffic-density addresses in contrast with low-density addresses. In 2014 Boothe et al. published a meta-analysis that analyzed fifteen studies (Boothe et al., 2014) , suggesting that leukaemia in children was associated with residential traffic exposure during the postnatal period, but not during the prenatal. For the postnatal period, they reported that the weighted summary OR was 1.53 (95%CI = 1.12, 2.10), while for the prenatal period it was 0.92 (95%CI = 0.78, 1.09). Our results show fairly similar ORs for the group of children with the same address at diagnosis as at birth, and for the group with the total of cases; however, the power of these analyses is low, due to the small number of cases in the exposure categories, and we cannot rule out that postnatal exposure could have a stronger effect. In the same year 2014, Carlos-Wallace et al. published a meta-analysis on benzene exposure (Carlos-Wallace et al., 2016) . Part of this analysis included fifteen studies on traffic density or traffic-related air pollution and its summary relative risk was 1.48 for all leukaemia, 1.49 for ALL and 2.07 for AML. A year later Filippini et al. published another meta-analysis which analyzed twentysix studies (Filippini et al., 2015) . The summary OR for the eleven casecontrol studies which used traffic density was 1.09. When the analysis was limited to those studies focusing only on ALL, the OR was 1.26. In our study we also found higher ORs when we analyzed ALL cases than when analyzing all subtypes together.
The key point in these studies is the proxies of traffic exposure used. The most common proxy used is traffic density; this has been expressed as number of vehicles per day and/or distance from major roads (Filippini et al., 2015) . Another indicator used is the density and proximity to repair garages and petrol stations (Brosselin et al., 2009; Weng et al., 2009) . Other proxies are levels of traffic-related pollutants that come from real measurements or models, and in these studies they have assessed pollutants such as NO 2 and benzene Houot et al., 2015; Janitz et al., 2016; Weng et al., 2008) . In the present study we used traffic density expressed as number of vehicles per day and distance from roadsconsidering as dangerous the busiest motorways, > 20,000 vehicles per day (Table 1) , at < 50 m distance. Furthermore, in order to obtain a better approximation, we computed the quantiles and defined a shared reference group for all the traffic variables. Our results show that at any distance the most exposed groups, Q4 and Q3, have increased risk, though our estimated ORs are higher than the summary OR reported in the meta-analyses; but, on the other hand, they are similar to those estimated in some other individual studies. A study from the USA reported an OR of 2.70 (Savitz and Feingold, 1989 ); a British study reported an OR of 1.61 (Harrison et al., 1999) ; an Italian study reported an OR of 2.09 (Crosignani et al., 2004) ; and a French study reported an OR of 2.20 (Amigou et al., 2011) .
In contrast, the use of traffic density as a proxy could be seen as a limitation since it does not allow us to study the effects of particular toxins. However, in reality people are exposed to a mixture of toxins from traffic, not to isolated individual substances; in that respect, we think that this proxy is well-chosen. Traffic is a major source of ambient air pollution and the IARC classifies outdoor air pollution as carcinogenic to humans (International Agency for Research on Cancer, 2013). As mentioned at the beginning of this paper, traffic emissions include a number of harmful substances such as carbon monoxide, ozone, particulate matter, nitrogen dioxide aldehydes, benzene, 1, 3butadiene, polycyclic aromatic hydrocarbons, and metals.
With reference to benzene, its concentrations from motor-vehicle exhaust could be elevated along heavily-trafficked roads and streets. Children exposed to benzene experienced significantly altered blood profiles, liver enzymes, and somatic symptomsindicating that children exposed to benzene are at a higher risk of developing hepatic or blood-related disorders (D'Andrea and Reddy, 2014) . Furthermore, benzene has been listed by the IARC as a Group 1 carcinogen for leukaemia in adults due to its hematotoxicity and leukemogenicity (McHale et al., 2012; Whysner et al., 2004) . Even though there are studies reporting positive association and mechanisms have been proposed, the literature is inconclusive and does not conclude that benzene exposure is linked to increased leukaemia risk in children (Pyatt and Hays, 2010) . Other pollutants like carbon monoxide (Strasser et al., 2015) or particulate matters also have been associated with leukaemia and other studies have also analyzed traffic density to measure cancer risk (Heck et al., 2013) . In general, however, the literature remains inconclusive.
Another hypothesis to identify why major roads could be associated with higher risk is the speed of the cars on those roads. In 2000 Heeb et al. indicated that when the speed of the vehicles is high the catalytic converters are less effective, and consequently the cars produce more pollution such as benzene, toluene and C2-benzenes (Heeb et al., 2000) .
With regard to the final model, we used AIC for selection and the best model was the one that included only exposure to crops. ORs for crop exposure were very similar to those reported in Gómez-Barroso et al. suggesting association with crop exposure reported . On the contrary, the covariates socio-economic status or industrial pollution exposure did not showed effect, however in a previous study García-Pérez et al. found relationship with industrial pollution (García-Pérez et al., 2016) .
One of this study's limitations is the non-inclusion of individual data relating to possible confounding factors that might be associated with the distance, such as socio-economic variables or life-style-related factors, because of their unavailability at an individual level. Moreover, this study uses distance to the pollution source as a proxy of exposure, assuming an isotropic model, something that could introduce a misclassification problem; this is because actual exposure is critically dependent on prevailing winds, geographic landforms and releases into aquifers. Despite this limitation, the use of many cut points for both distances and roads could be considered as ameliorating this limitation. Nevertheless, this problem would limit the capacity to find positive results but would in no way invalidate the associations found. We did not have information about address changes between birth and diagnosis hence we could not rule out potential bias due to using the address at diagnosis for cases and address at birth for controls. According to official data in Spain, only around 1% of the children change their residence to a different province ("Instituto Nacional de Estadística. (National Statistics Institute)," n.d.), but we should assume that the residential mobility within provinces is higher than 1%. To overcome this limitation we tried to identify cases with the same address in the two instants. We compared the two registries and we were able to identify 473 cases with the exact same address at birth and at diagnosis, the 45% of the cases. However we could not know if the remaining 55% of the cases moved between birth and diagnosis or not due to differences in the recording between the RETI and the Birth Registry. Nevertheless, the results from the sensitivity analysis (Table 4) showed not much different to those from the total number of cases (Table 3 ). Furthermore, we performed a descriptive analysis of the characteristics of the two groups (Table 2 ) and we did not find differences in the variables that could make us think that the groups we different. We could conclude that there is not significant misclassification or bias due to residence mobility.
A principal strength of our study is the large control group (6 controls per case), which provides a much more realistic image of the spatial distribution of the at-risk population. The controls were randomly selected from birth certificates without the exclusion of the cases from the pool, what opened up the possibility of having the same child case and as control; nevertheless (Janitz et al., 2016) . Moreover we could not know if children from the control group were diagnosed with cancer after the studied period; but then again, the exclusion of the forthcoming cases from the control group could have biased the results (Grimes and Schulz, 2005) . The control group should give a clear view of the spatial distribution of the population at risk and should have the same risk of exposure as the cases. We matched the controls by sex, year of birth and region of residence to account for the temporal and regional variations in the child population.
Conclusion
In conclusion, despite having imprecise estimates, our study agrees with previous literature and suggests that living in the proximity of motorways could be a risk factor for childhood leukaemia. Yet, further studies should be carried out to support this conclusion. In any case the authors agree with Whitehead et al. (2016) when they assert that to protect children's health, it is prudent to initiate programs designed to reduce exposure to quite probable leukaemia risk-factors rather than to suspend judgment until no uncertainty remains. Primary prevention programs for childhood leukaemia would also result in the significant co-benefits of reductions in other adverse health outcomes that are common in children, such as detrimental effects on neurocognitive development (Clifford et al., 2016) .
